The current state-of-the-art in intelligent game design using Artificial Intelligence (AI) techniques is mainly focused on generating human-like and intelligent characters. Even though complex opponent behaviors emerge through various machine learning techniques, there is generally no further analysis of whether these behaviors contribute to the satisfaction of the player. The implicit hypothesis motivating this research is that intelligent opponent behaviors enable the player to gain more satisfaction from the game. This hypothesis may well be true; however, since no notion of entertainment or enjoyment is explicitly defined, there is therefore no evidence that a specific opponent behavior generates enjoyable games.
Introduction
Cognitive modeling within human-computer interactive systems is a prominent area of research. Computer games, as examples of such systems, provide an ideal environment for research in artificial intelligence (AI), because they are based on simulations of highly complex and dynamic multi-agent worlds [1, 2, 3] . Moreover, computer games offer a promising ground for cognitive modeling since they embed rich forms of interactivity between humans and non-player characters (NPCs) [4] . Being able to capture quantitatively the level of user (gamer) engagement or satisfaction in real-time can grant insights to the appropriate AI methodology for enhancing the quality of playing experience [5] and furthermore be used to adjust digital entertainment environments according to individual user preferences. Motivated by the lack of quantitative models of entertainment, endeavors to measure and augment player satisfaction in real-time are presented in this chapter. More specifically, the open question of modeling entertainment during game play is discussed and the strengths and weaknesses of previous attempts in the field are outlined. Herein entertainment is defined qualitatively primarily as the level of satisfaction generated by the real-time player-game opponent interaction -by 'opponent' we define any controllable interactive feature of the game. We view a game primarily as a learning process, and the level of entertainment is kept high when game opponents enable new learning patterns ('not too easy a game') for the player that can be perceived and learned by the player ('not too difficult a game') [6, 7] . On the same basis, according to [8] -within the axis of emotions varying from boredom to fascination -learning is highly correlated with interest, curiosity and intrigue perceived. The collection of these emotions is referred to as entertainment (or "fun") in this chapter.
Two different approaches for quantitatively capturing and enhancing the real-time entertainment value of computer games are presented in this chapter: one based on empirical design of entertainment metrics and one where quantitative entertainment estimates are extracted using machine learning techniques, grounded in psychological studies. The predator/prey game genre is used for the experiments presented here; though it is argued that the proposed techniques can be applied more generally, to other game genres.
In the first, "empirical," approach, a quantitative metric of the 'interestingness' of opponent behaviors is designed based on qualitative considerations of what is enjoyable in predator/prey games. A mathematical formulation of those considerations, based upon data observable during game play, is derived. This metric is validated successfully against the human notion of entertainment.
In the second approach, entertainment modeling is pursued by following the theoretical principles of Malone's [9] intrinsic qualitative factors for engaging game play, namely challenge (i.e. 'provide a goal whose attainment is uncertain' ), curiosity (i.e. 'what will happen next in the game?' ) and fantasy (i.e. 'show or evoke images of physical objects or social situations not actually present' ) and driven by the basic concepts of the Theory of Flow [10] ('flow is the mental state in which players are so involved in the game that nothing else matters' ). Quantitative measures for challenge and curiosity are inspired by the "empirical" approach to entertainment metrics. They are represented by measures computed from appropriate game features based on the interaction of player and opponent behavior. A mapping between the quantitative values of these challenge and curiosity measures and the human notion of entertainment is then constructed using evolving neural networks (NNs).
The chapter concludes with a discussion of several remaining open questions regarding entertainment modeling and proposes future directions to
